Abstract-In recent years, most countries have experienced a shift toward aging population, leading to a decline in the working population; thus, an increased physical burden on workers results. The use of powered exoskeletons is one approach to reduce physical stresses on the bodies of workers and elderly people. However, conventional powered exoskeletons have many sensors and actuators mounted on them, resulting in problems associated with their high price, high weight, etc. In this paper, we introduce a new high-efficiency reduction gearbox, which is being researched and developed in our laboratory as a substitute for conventional actuators, and present the results of its attempted assist control without a torque sensor. It was found that the user's torque can be estimated with high accuracy without using a torque sensor by using a highly efficient gearbox with 1/102.14 reduction ratio. In addition, we performed motion identification using a nonlinear support vector machine with the aim of assist control with reduced discomfort on the body by suppressing vibrations.
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I. Introduction
With a shift toward the aging population in developed countries, there has been a decline in the size of working populations, which is a serious problem. Due to the decline in the number of workers, the workload of the elderly and weak workers will increase; hence, their physical burden as a consequence. Especially in industries such as transportation, agriculture and nursing care, there is also the possibility that such workers will suffer lower back pain, causing a hindrance to their ability to work. Therefore, many assistive robots [1] - [6] have been developed. A type of assistive robot known as a "Powered exoskeleton" can be used to alleviate the physical burden on these workers, and research on this subject has advanced greatly [3] - [6] . A powered exoskeleton is a robot that can be directly fitted to the human body, to assist its natural physical functions and can be used for the purpose of reducing the burden of physical labor. However, because many sensors and actuators are mounted on a conventionally powered exoskeleton, various problems related to its associated high price, high weight, difficulty in attaching and detaching it to the body, etc., are emerging. These are some of the reasons why the established powered exoskeleton is not popular; thus, there are demands for a safer, high-performance powered exoskeleton with fewer sensors.
Currently, one of the widely used types of actuators is a motor with reduction gearboxes [3] - [6] . However, the harmonic gearboxes with 1/100 reduction ratio used in many robots have low back-drivability. Robots that make direct physical contact with people, such as powered exoskeletons, need to be safely and flexibly driven against the external forces. Therefore, various methods for improving back-drivability have been developed. One such method involves the detection of external forces on the robot via torque sensors [4] - [6] . This method is capable of accurate force control because of the accurate measurements acquired from the torque sensors. Another method is to insert elastic bodies as springs into the actuator, forming a highly flexible "series elastic actuator" [6] - [8] . However, in both methods, the systems are altogether costly due to the requirement of additional elements, such as the aforementioned torque sensors and elastic elements.
To solve the problem of low back-drivability of the reduction gearbox, we have developed a highly efficient gearbox [9] named Bilateral Drive, as shown in Fig. 1 . This reduction gearbox is a specially-configured 3K compound planetary gearbox by maximizing the forward driving efficiency. In our developed gearbox the forward driving efficiency is 89.9 % and the backward driving efficiency is 89.2 %. Further, the reverse start torque is only 0.016 N·m; therefore, this gearbox can be back-driven with a very small torque. The goal of this research was to build a high-performance powered exoskeleton that had an improved back-drivability of the gearbox and could estimate and control the motion of the user without the requirement of additional elements. In this paper, we present the control model of the experimental machine, and methods for torque estimation and motion identification using a nonlinear support vector machine (SVM). Finally, we compare estimated values with the sensor values obtained from the conducted experiments.
II. Control model

A. Structure of the experimental machine
In our research, we used a uni-axial articulated link mechanism with one leg as the experimental machine, as shown Fig.  2 . During machine operation, the shin was fixed to the link and the potentiometer measured the knee joint angle. The signal output of the potentiometer was 0
• when the link was parallel to the ground and was − 90
• when it was perpendicular to the ground. The torque sensor was used for evaluation and not for control. The control program ran in the microcomputer in the control circuit. The signal of the sensors was input to the control circuit, the motor reference current value was subsequently determined, and the motor was then driven by the motor driver.
B. Moment of inertia
We expressed double inertial systems as a control model of experimental machine. The equations of motion for the inertia systems are as follows:
where J M and J L are the moments of inertia of the motor side and load side, respectively;θ M andθ L are the angular accelerations of the motor side and load side, respectively; N( 1) is total reduction ratio; τ M is motor torque; τ s is shaft torque; τ f is friction torque of motor side; and τ d is external torque of the load side. Although the leg link is attached to the experimental machine, it operates simultaneously with the leg of the user, thus, a gravity torque is included in the external torque. The equation for the shaft torque is given as follows: where K s is stiffness. The moments of inertia of motor side and load side, respectively, are given as follows:
where, for the subscript of the moment of inertia J, m is motor, s1 is pinion gear, s2 is spur gear, g is highly efficient gearbox, "Torque" is torque sensor, "Couple" is coupling, and "Link" is leg link. N s is the reduction ratio of spur gear. We derived the total equivalent moment of inertia seen from the load side via kinetic relations. A disassembled model of the highly efficient gearbox is shown in Fig. 3 and its stick diagram is shown in Fig. 4 . In Fig. 4 , Z s is sun gear, Z p1 and Z p2 are first and second planet gear, and Z r1 and Z r2 are first and second ring gear. The equations of speed between the gears are as follows:
where r is gear radius and ω is the gear speed. For the subscripts, s is sun gear, p1 is first planet gear, p2 is second planet gear, r1 is first ring gear, r2 is second ring gear, and c is carrier. Because the first and second planet gears are connected, we can say that ω p = ω p1 = ω p2 . Additionally, ω r1 = 0 because the first ring gear is fixed. The, speed ratio equations are given as follows.
ω c ω r2
where
I 2 = r r1 r p2 r r2 r p1 . The equivalent moment of inertia of the highly efficient gearbox as seen from the output side is expressed by the sum of the moments of inertia about the center axis of each gear multiplied by the square of the speed ratio. Additionally, because of carrier and planet gears are connected, it is necessary to add the moment of inertia of the planet gears about the center axis of carrier to the moment of inertia of the carrier J c . This moment of inertia, J c , is derived as follows:
where J p is the moment of inertia of the planet gear and m p is the mass of the planet gear. The total equivalent moment of inertia, J g , is given as follows:
where, J r2 is the moment of inertia of the second ring gear, k is the number of planet gears, and J s1 is the moment of inertia of the sun gear. The parameters of the experimental machine are shown in Table I .
C. Friction compensation
We modeled the friction torque τ f as follows.
where D is the viscous friction coefficient and τ c is the coulomb friction torque. We use feedforward compensation [10] from the friction torque using the friction model, as shown in Fig. 5 .
D. Torque estimation
We used a multi-encoder-based disturbance observer (MEDOB) [11] as the external torque estimation method in the double inertia system. Using MEDOB, the torqueτ d is estimated by the following equation:
where τ re f is torque reference value of the motor and g is the cutoff frequency of the MEDOB. In the MEDOB, it is possible to estimate the external torque without using the stiffness K s in the double inertial system. After the experiment, we compared the estimated torque and the output torque value of the torque sensor. In addition, assist control was performed where this estimation was fed back to the input torque and was used to drive the motor in the same direction as the wearer's direction of motion. The torque reference value of the motor τ ref is obtained as follows:
where, K Assist is the assist gain. By multiplying the assist gain at the time of feedback of the estimated torque value, the ratio of the assist torque to be given to the force applied by the user can be determined. The overall control model is shown in Fig.  5 .
III. Motion identification method
To reduce discomfort inside the powered exoskeleton when performing assist control, an appropriate and instantaneous output of the exoskeleton in response to the motion of the user is required. For that purpose, information of the user's intended motion is required. Because the experimental machine is restricted to the bending and stretching of the knee in the state of sitting, the motion state can be divided into two classes: "in operation" and "stopped." The values for the estimated torque and the knee joint angular velocity are used for discriminating between the classes, and when both values are near 0, the motion is classified "stopped," otherwise it is classified as "in operation." In this paper, a nonlinear SVM [12] , [13] is used as a method of identification of motion intention. An SVM uses machine learning to generate items that fall into one of two classes with linear input elements. 
IV. Experiments
A. Friction model measurement
First, we created a friction model of the experimental machine for use in friction compensation. We then measured the motor-side load torque when the motor was driven at a constant angular speed. The control system model was a singular inertial system model as seen from the motor side. For the constant angular velocity rotation, a proportionalintegral derivative (PID) controller was used to control the velocity and the motor-side load torque was estimated by the disturbance observer (DOB) [14] . Additionally, to ignore the influence of the gravity torque, the link was removed. We plotted the average of the load torques when the motor reached a constant angular speed rotation and found line of best fit using the least squares fitting method for each the forward and reverse rotation. The measurement parameters and results are shown in Table II and Fig. 6 , respectively. Because the characteristics were different depending on the direction of rotation, in the complete model, different friction models were also made depending on the rotation direction. Furthermore, we applied a "dead zone" to stop the operation near 0 rad/s. The parameters of the friction model obtained by the least squares fitting method are shown in Table III . 
B. Torque estimation
For the torque estimation experiment (when knee bending and stretching was performed with the leg fixed to the experimental machine), we conducted experiments in two ways, with and without feeding back the estimated torque. Parameters of the experiment are shown in Table IV . Because the resolution of the potentiometer was lower than that of the encoder, we lowered the cutoff frequency of the potentiometer's pseudo derivative. The results of experiments are shown in Figs. 7 and 8. The root mean square errors for each torque sensor value are 1.3577 N·m for no feedback and 1.1575 N·m for the case with feedback. We can confirm that the error between the estimated values and the torque sensor values are smaller than 1.4 N·m. Moreover, comparing the two control mechanisms, we can confirm that the feedback control was operating with a smaller torque and that the assist control was operating effectively. However, one problem is that the estimation value at startup had a low accuracy. It is suggested that this is because the static friction and large equivalent inertia seen from the load side were not considered. Another problem is that when performing the assist control, a vibration occurs when the operation ceases. The reason given for this is that even if the user stops moving, the experimental machine itself continues to rotate due to inertia, and the tensile force works. 
C. Motion classification
We conducted motion classification using the nonlinear SVM. In order to accurately distinguish between the data at the time of operation and at the time of stoppage, we made separate measurements and created "teaching" data for machine learning. We used data acquired at the lowest possible operation speed and torque. Furthermore, we classified each datum into "class = 1" if the machine was in operation and "class = −1" if it stopped. We attempted motion classification online by using the result obtained in one round of learning, but a lot of misidentifications were found. Therefore, we modified the class of misidentified data, added it to the teaching data, and completed another round of machine learning. The learning result and classification result are shown in Fig. 9 and Fig. 10 , respectively. In Fig. 9 , the plots are teaching data and the area shows the learning result. Orange area is that classified "in operation", and blue area is that classified "stopped".
D. Vibration suppression
As can be seen from Fig. 8 , a small vibration occurs during stopping when assist control is applied. This section considers our attempt at vibration suppression using the classification we created, as reported in the previous section. First, Fig.  11 shows the estimated torque, angular velocity, and class when operation and stopping of the machine are repeated with constant gain. In the vibrating part, there are parts that are class = −1. The assist gain is classified as follows:
In the above equation, the assist control is performed as normal during machine operation, and is not performed when the (a) Estimated torque. machine ceases operation. In other words, by not generating the assist torque, the motor drive is suppressed, and the vibration at the break in machine operation is reduced. Using the above conditions, we conducted the experiment again and the results are presented in Fig. 12 . Comparing Fig. 11 with Fig. 12 , the number of vibrations is about 4 to 5 times greater than that without assist feedback when the assist gain is constant, whereas the number of vibrations is about 1 to 2 times greater when the assist gain is changed. Therefore, it is concluded that by changing the assist gain by using motion identification, it is possible to suppress vibrations when the machine ceases operation. 
V. Conclusion
In this paper, we presented the structure of our experimental machine, assist control method, and motion identification using nonlinear SVM. From the experimental results, we confirmed that the user's torque can be estimated without the requirement of a torque sensor by using a highly efficient gearbox. In addition, by changing the assist gain by using motion identification, it is possible to suppress vibrations when the machine ceases operation. From these finding, we concluded that by using a highly efficient gearbox for the powered exoskeleton, it is possible to estimate and control the force of the user without using a torque sensor.
However, in considering future improvements of the experiments, there are two main problems that need to be addressed. First, a method is required to improve estimation accuracy at startup because there is an error at the initial movement as shown in Fig. 8 . Second, the motion identification was classified into only two classes ("in operation" and "stopped"), so more classifications would be required to enable a more comprehensive range of motion identifications, such as walking and crouching.
